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ABSTRACT 
 
Based on the traditional framework of wetland ecological risk assessment, this thesis 
proposed a new method for more comprehensive assessment by considering two major 
pollution types faced by wetlands, including heavy metal pollution and water eutrophication. 
Artificial neural network (ANN) method was applied to evaluate the eutrophication risk level, 
while an improved potential ecological risk index was used to estimate the risk of heavy 
metals in surface sediments. Fuzzy set theory was then used to combine the two risk levels to 
obtain a general risk level, which could be used for recommending appropriate risk 
management actions. The Sanyang Wetland in Wenzhou, China was used as a case study to 
demonstrate the proposed wetland ecological risk assessment method. This thesis indicated 
that the new framework of wetland ecological assessment could provide a more objective risk 
level and then give more appropriate suggestions to decision making. 
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CHAPTER 1: INTRODUCTION 
 
1.1 Background of Wetland 
 
Wetland provides an irreplaceable ecological service to human ecosystems through 
the interaction of land and water systems (Qu et al., 2011). It has important ecological service 
function and ecological value and is an important feature of the global landscape. It was 
estimated that about 6% of the Earth's land surface is covered by wetlands, while wetland 
ecosystem provides 15% of the global ecosystem services. As the “kidneys” of the Earth and 
the multifunctional and biodiversity-rich ecosystem, wetlands provide comprehensive 
ecological services for flood control and mitigation, climate control, pollution prevention, 
soil erosion reduction, and biodiversity conservation (Shao et al., 2012). However, wetlands 
have been suffering from serious degradation and loss due to intense anthropogenic 
disturbances such as wetland pollution, eutrophication, land use change, and global change 
(e.g., seawater intrusion) (Shao et al., 2012). Especially, the problem of wetland 
eutrophication has received great concerns all over the world. Because of its unique 
hydrological conditions, wetlands are more likely to experience eutrophication and cause 
serious consequences such as "water bloom". 
 
1.2 Wetland Eutrophication 
 
Eutrophication refers to situation that the excessive discharge of nutrients to natural 
water causes the abnormal propagation and growth of plants. It is often accompanied by 
many algae breeding which can be divided into naturally caused eutrophication and human 
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caused eutrophication, while the major concern has been on human-induced eutrophication 
(Cheng, 2012). The OECD (The Organisation for Economic Co-operation and Development) 
defined eutrophication as a series of changes in the production of algae and aquatic plants to 
cause water quality decline due to increased nutrient content (Ferreira et al., 2011). China's 
"Ocean Dictionary" stated eutrophication as "excessive body of nutrients in the water, 
resulting in large breeding algae and deterioration of water quality" (Yang et al., 2010).  
Eutrophication process is associated with a series of biological, chemical, and 
physical changes that can be affected by wetland morphology and many other factors (Cheng, 
2012).  In general, the eutrophication of wetland is due to the input and output imbalance of 
nutrients, which results in the breakage of species distribution and thus the infiltration of 
single species (such as algae), further destroying the energy and material flow in the whole 
ecosystem. Another reason is due to the longer wetting time in the wetland which results in 
excessive nutrients in the sediment, thus forming a nutrient exchange between the sediment 
and the upper water interface (Carrillo et al., 2011). When eutrophication reaches a certain 
level, it is likely to cause the concentration of algae outbreak and the formation of bloom. 
Therefore, bloom is one of the typical characteristics of eutrophication. 
Wetland eutrophication can not only cause significant economic losses, but also 
seriously endanger human health. According to Smith (2003), eutrophication occurs in nearly 
half of the damaged lakes and 60% of the blackened rivers in the United States, and 
eutrophication-related water quality impairment can have a significantly negative economic 
impact. First, eutrophication will reduce the wetland function and economic benefits. 
Eutrophication in the water will occur over the breeding of algae, so that the water will 
produce a musty odour (Cheng, 2012). During the high-temperature period, a large amount of 
algae proliferation would greatly consume the dissolved oxygen in water, leading to the death 
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and decomposition of many species in the water, and thus producing a strong smell. At the 
same time, many algae float in the water, causing water to become turbid and thus reducing 
water transparency (Smith, 2003). Changes of water quality can also cause a negative effect 
on soil around the wetlands and the surface water sediments, thereby affecting the 
surrounding terrestrial ecosystems. Depending on different land uses, eutrophication will 
cause different effects. In addition, when the water experiences eutrophication, many algae 
can secrete and release toxic and harmful substances, which can not only harm aquatic 
organisms and damage aquatic ecosystems, but also affect human health (Qu et al., 2011). 
For example, many cyanobacteria can produce a neurotoxic compound with high degree of 
hepatotoxicity and cytotoxicity against human and domestic animals (Smith, 2003). 
Moreover, in the wetland ecosystem, the large number of algae breeding will lead to the 
remaining species with rapidly reduced living space. For example, local native aquatic plants 
will be deprived of the algae growth space as well as the oxygen and nutrients in water, 
which will eventually lead to an aquatic plant ecosystem with single species. Local animals 
will also be affected by eutrophication through the impacts on food chain (Walden et al., 
2004).  
Therefore, the study of eutrophication has become one of the hot environmental 
research issues. Many scientists have studied the eutrophic status, hazards, models, control, 
and governance, and have achieved promising results (Wang et al., 2008). However, the 
mechanism of water eutrophication formation and the constraint factors are still controversial. 
It is of fundamental importance to establish the water eutrophication prediction and 
evaluation model due to the influence of various environmental factors on water 
eutrophication (Malekmohammadi & Blouchi, 2014). 
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1.3 Heavy metal pollution in sediments and its hazards 
 
Heavy metal pollution is an important part of sediment risk assessment, and has 
attracted much attention due to its toxicity, extensive sources, non-degradability, and 
cumulative behavior (Yu et al., 2008). Due to the slow flow of water in most wetlands, 
sediments are more likely to accumulate heavy metals which will seriously affect the aquatic 
ecosystems (Charkhabi et al. 2005). In addition to harm the organisms in water, heavy metals 
may also migrate through water flow, causing the spread of pollution. The release of heavy 
metals from sediments can be hazardous to the water environment, although the toxicity of 
heavy metals depends on their concentration and exposure pathways (Liu et al. 2009).   
Heavy metals are inert in the sedimentary environment and are often considered 
conservative pollutants (Wilcock, 1999). In sediments, heavy metals can exist in a variety of 
chemical forms that exhibit different physical and chemical behaviors in relation to chemical 
interactions, mobility, bioavailability, and potential toxicity (Liu et al., 2009). The toxicity of 
heavy metals in sediment not only depends on their total concentration, but also on their 
specific chemical form, such as the water solubility, exchangeability, carbonate-related forms, 
oxide association, organic associations, and residual forms (Liu et al., 2009). Water soluble 
and exchangeable components are considered bioavailable, while the combined oxide, 
carbonate, and organic components may be bioavailable (He et al., 2005). The determination 
of heavy metal contaminants in sediments is the basis for solving many environmental 
problems, including the control and management of water environment. 
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1.4 Research objectives  
 
The purpose of this thesis research is to propose a new wetland ecological risk 
assessment method so that it can provide a more comprehensive scientific basis for decision 
making. It will focus on both eutrophication and heavy metal pollution issues faced by 
wetlands.  The specific objectives include: 
• Identification of a suitable water eutrophication risk assessment model for wetland 
ecological risk assessment  
• Investigation of a more comprehensive heavy metal risk assessment model for 
wetland ecological risk assessment  
• Development of methods to combine the results of eutrophication and heavy metal 
risk assessments to obtain a general risk level for wetland ecological risk assessment 
• Application of the wetland ecological risk assessment method to a case study 
 
1.5 Organization of the thesis 
 
The organization of the thesis is as follows: Chapter 1 introduces the research, 
including research background, research objectives and thesis structure; Chapter 2 reviews 
available methods and applications in the related areas; Chapter 3 describes the 
eutrophication and heavy metal risk assessment methods as well as the proposed wetland 
ecological risk assessment method; Chapter 4 presents a case study to demonstrate the 
applicability of the proposed method; and Chapter 5 summarizes the research results, 
limitations, and future research directions. 
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CHAPTER 2: LITERATURE REVIEW 
 
2.1 Water Quality Evaluation 
 
Various water quality evaluation methods have been developed by scientists during 
the past years. In the past, single-factor evaluation methods were widely used for 
investigating water quality in rivers, reservoirs, and lakes (Xin et al. 2006). One typical 
model is the Vollenweider model to study lake eutrophication with phosphorus as a limiting 
nutrient (Cloren, 2000). However, the evaluation of water quality is a complex process and 
the single-factor method cannot reflect the overall situation of the waterbody. The National 
Sanitation Foundation (NSF) (USA) developed a comprehensive index method such as the 
WQI (Water Quality Index) and has then developed a variety of water quality indicators (Xin 
et al. 2006). Some researchers developed and applied water quality evolutionary trend 
analysis methods, including the rank correlation method (El-Shaarawi et al., 1983), time 
series analysis method (Long et al., 2009), and parametric test method (Kundzewicz and 
Robson, 2004; Yenilmez et al., 2011; Ocampo-Duque et al., 2006). For example, Chang et al. 
(2001) applied the fuzzy mathematics theory to water quality evaluation by developing a 
fuzzy comprehensive evaluation method. The goal of such methods is to reduce the 
uncertainty and inaccuracy of the evaluation standard used in decision making (Ocampo-
Duque et al., 2006).  
The water quality of a waterbody can be assessed using various physical, chemical, 
and biological parameters. These parameters can be integrated into a water quality index 
(WQI) to provide a very simple and efficient method for environmental monitoring and 
decision-making. The National Sanitation Foundation (USA) established a general water 
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quality evaluation framework in terms of selecting parameters, formulating universal scale, 
and distributing weights, to calculate the water qualities of various waterbodies (Tyagi et al., 
2013). The National Sanitation Foundation Water Quality Index (NSFWQI) is based on nine 
water quality parameters (temperature, pH, turbidity, fecal coliforms, dissolved oxygen, BOD, 
total phosphate, nitrate, and total solids) (Tyagi et al., 2013). As a representative of traditional 
water quality assessment methods, WQI is often used for basic water quality evaluation and 
the comparison of new methods. Some recent applications of using improved models to 
calculate water quality index can be found in Ranisavljevic & Zerajic (2018). Dharmendra et 
al. (2018) also applied the improved Water Quality Index (WQI) to assess the time variation 
of water quality in the port of Paradip, India, while many other parameters were included in 
addition to the physical and chemical properties of water, such as petroleum hydrocarbons, 
heavy metals, total viable bacterial (TVB) count, total coliform bacteria (TCB) count, total E. 
coli bacteria (TEB) count, total phytoplankton count (TPC) and chlorophyll-a concentration. 
 
2.2 Eutrophication Evaluation 
 
2.2.1 Conventional evaluation method 
The water eutrophication evaluation is a quantitative description of the nutritional 
status of a waterbody. It investigates and analyzes the indicators relative to the eutrophication 
status and process and then forecasts the development trend to provide the basis for 
eutrophication control and management (Cheng, 2012). A variety of evaluation methods have 
been applied, such as the water quality index method, biological index method, nutrition 
status index method, fuzzy mathematics evaluation method, and artificial neural networks 
(ANN). 
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Many scientists have studied a variety of issues related to eutrophication (e.g., 
eutrophic status, hazards, models, control, and governance) and have achieved promising 
results (Wang et al., 2008). Tang & Li (2016) applied the water quality index method to 
assess whether the waterbody is in eutrophication based on the concentration of nitrogen and 
phosphorus in water (i.e., total nitrogen, total phosphorus) and chlorophyll as well as other 
parameters associated with water morphology and hydrology. The biological parameter 
method has been used to evaluate the degree of eutrophication of algae through a number of 
measurements such as existing stock and diversity. It can be divided into algae species 
pollution indicator method, comprehensive index method, diversity index method, and 
biological indicator method. This method is suitable for situations with comprehensive 
monitoring data (Ignatiades et al., 1992).  Sun & Chen (1994) applied the fuzzy mathematics 
to develop a fuzzy evaluation method for the comprehensive assessment of water quality. 
Gong et al. (2005) made further optimization of the above model and applied fuzzy 
mathematics and analytic hierarchy theory for water eutrophication evaluation. They also 
applied geographic information system and geo-statistics techniques to obtain water 
eutrophication map by taking Taihu Lake as an example. The goal of such method is to 
reduce the uncertainty and inaccuracy of the standard used in the decision-making process 
(Ocampo-Duque et al., 2006). However, the conventional evaluation models are associated 
with complex structure and require a lot of parameters. Other alternative evaluation methods 
are thus needed. With the rapid development and maturity of artificial neural network 
technology, researchers have successfully applied this technique to water quality evaluation. 
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2.2.2 Artificial neural network method 
Artificial neural network (ANN) is a computational form inspired by the brain and the 
functioning of the nervous system. Traditionally, ANNs have been used to perform tasks that 
cognitive brains do naturally, such as face recognition, learning to speak and understand 
natural language, handwritten text recognition, and defining a goal to analyze different 
aspects of the same subject. The use of ANNs has been rapidly increasing in the past years, 
and it has been widely applied to a variety of areas related to forecasting, including water 
resources (Maier & Dandy, 1996). Artificial neural network is a “black box” which can map 
the nonlinear relationship among the variables in the ecosystem (Kuo et al., 2006). Several 
typical models of ANN have been studied, such as Back-propagation (BP) neural network, 
Hopfield network model, self-organizing neural network, associative memory neural network, 
and the genetic algorithms. Among them, BP network is one of the most effective and widely 
used methods, such as for using in the prediction of water quality.  
Back-propagation is a commonly used learning algorithm in neural network 
applications. It applies a gradient descent algorithm to determine the weights in the network. 
Figure 2.1 presents the illustration of a three-layered feed-forward neural network, including 
an input layer, a hidden layer, and an output layer. The input layer contains the input nodes 
(neurons), and the output layer contains the expected system output. The hidden layer usually 
contains a series of nodes associated with the transfer function (Huo et al., 2013). Each layer 
of the network is linked by weights that can be determined by the learning algorithm. 
Sigmoid function is one of commonly used transfer functions (Huo et al., 2013). The 
development of ANN model requires a series of input and output data to establish their 
relationship, and part of the data is used for training, while part of the data is used for testing. 
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Figure 2.1: Schematic illustration of a three-layered feed-forward neural network (Lek & Gue´gan, 
1999) 
 
With the technology advancement and maturity, artificial neural network has been 
applied to a variety of water environmental research studies. Karul et al. (2000) utilized a 
three-layer Levenberg-Marquardt feedforward learning algorithm to model the eutrophication 
process in three waterbodies in Turkey (Keban Dam Reservoir, Mogan and Eymir Lakes), 
and the model achieved relatively good correlation although the hydrological conditions at 
the selected sites were complicated. Joseph (2003) used artificial neural network as a data 
simulation method to examine the kinetics of algae bloom in Hong Kong coast water.  Kuo et 
al. (2006) combined BP neural network with key factors affecting water quality in a reservoir 
in central Taiwan, such as dissolved oxygen (DO), total phosphorus (TP), chlorophyll-a, and 
transparency (SD), to capture reservoir variables, and their results showed that the model can 
11 
 
serve as an important tool in reservoir management. Lin et al. (2009) applied the BP artificial 
neural network method for the eutrophication risk assessment of reservoirs in Shenzhen, 
China. Huo et al. (2013) used the BP neural network to develop the relationship between the 
water quality factors and the eutrophication indicators, and the model was successful for 
prediction, suggesting that the neural network is a valuable tool for lake water quality 
management. Cui et al. (2014) established a BP artificial neural network prediction model of 
TN, TP and Chl-a changes in Taihu Lake by using the Minitab software, and the results 
indicated that the established ANN model can effectively predict the change of 
eutrophication in Taihu Lake, China. Zhang et al. (2018) established a BP neural network 
model to classify mangrove water quality and establish the relationship between water quality 
and pests’ diseases. Salari et al. (2018) also used the mathematical method and artificial 
neural network to obtain a water quality parameter optimization artificial neural network 
model. It was found that the ANN model can play a positive role in the management of lakes 
and reservoirs. It can also be applied to the prediction and management of wetland water 
quality, and it is thus feasible to use artificial neural network method in eutrophication 
evaluation.  
 
2.3 Heavy Metal Risk Evaluation  
 
Methods for assessing the ecological risk of heavy metals in sediments include the 
calculation of geo-accumulation index (Porstner, 1989), potential ecological risk index (Ha 
kanson, 1980), and excess regression analysis (ERA) (Hilton et al., 1985), where the first two 
index are the most commonly used (Yi et al., 2011). Most studies involving heavy metal 
polluted sediments only used the total metal contents as the standard to assess their potential 
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contamination effects. However, the total metal concentration provides insufficient 
information to assess the bioavailability or toxicity of metals (Sundaray et al., 2011).  
RI (potential ecological risk index) is one method to evaluate the potential risk of 
heavy metals. However, its disadvantage is that it does not consider the chemical forms of 
metals. Heavy metals have significant differences in different chemical forms (Li et al., 2007). 
The Risk Assessment Code (RAC) is another method for risk assessment of heavy metals. 
The risk level was classified according to the chemical form of heavy metals (Singh et al., 
2005). Liu et al. (2009) proposed a modified potential ecological risk index (MRI) model by 
multiplying RI by the toxicity index of different chemical forms of heavy metals associated 
with RAC. Rahman et al. (2013) adopted the modified potential ecological risk index to 
evaluate heavy metal contamination in sediment and waterbody around Dhaka export 
processing zone, Bangladesh. Liu et al. (2018) used the modified potential ecological risk 
index (MRI) model to assess metal contamination in estuarine surface sediments from 
Dongying City, with the study metals including Cd, Hg, As, Cr, Cu, Pb and Zn. Liu & Ni 
(2018) analyzed the contamination level, chemical fraction and ecological risk of heavy 
metals in sediments from Daya Bay, South China Sea according to the modified potential 
ecological risk index.  
  
2.4 Fuzzy Risk Assessment 
 
In order to combine the information of both eutrophication and heavy metal pollution 
for better evaluating the waterbody of wetland, some artificial intelligence methods can be 
used. The fuzzy logic and fuzzy sets methods have been tested for addressing practical 
environmental issues. Their goal is to reduce the information uncertainty and inaccuracies 
13 
 
related to decision making (Ocampo-Duque et al., 2006; McKone & Deshpande, 2005). In the 
past decades, several fuzzy-set based approaches have been proposed to estimate 
environmental quality and achieved promising results. Smith (1995) developed a fuzzy 
aggregation approach for environmental quality evaluation. Veiga et al. (1995) proposed a 
risk assessment model of mercury pollution in the Amazon basin based on fuzzy set theory. 
Li et al. (2003) and Liu et al. (2004) proposed a hybrid method combining probability and 
possibility to represent the uncertainty of modeling parameters involved in risk assessment. 
Ocampo-Duque et al. (2006) developed a water quality index that was calculated with fuzzy 
reasoning, and the application of the fuzzy index was tested with a case study. Li et al. (2007) 
developed an integrated fuzzy stochastic modeling approach (IFSM) to assess the impact of 
air pollution on asthma susceptibility. Caniani et al. (2011) used a fuzzy model as a fast and 
economic method for the assessment of groundwater pollution risk of aquifers underlying 
some uncontrolled landfills in the Basilicata Region territory. It was found from the literature 
that most previous risk assessment studies were based on a single fuzzy set approach. Few 
previous studies incorporated a variety of information in a risk assessment framework (Li et 
al., 2007).  
 
 
2.5 Scenario Analysis  
 
Scenarios and scenario analysis have become popular methods of organizational 
planning and participatory activities for sustainable development (Duinker & Greig, 2006). 
They can be developed in contexts related to stakeholders involved in their applications as 
the assessment of scenario outcomes and impacts can enhance decision making activities 
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(Mahmoud et al., 2009). A scenario can enable policies and decisions to be tested against 
possible futures and inspire new ideas (Lang, 2001). A variety of methods can be used to 
develop scenarios. In the process of creating a scenario, it is necessary to use various 
collected information. For example, it should consider the problems faced by the 
environment, the main pollutants, and some mainstream governance methods (Cornish, 2004). 
Scenario-based work is the most powerful when creating and analyzing several alternative 
scenarios, and each scenario should provide significant contrast to other scenarios. While 
each scenario describes an alternative future in terms of qualitative and/or quantitative, each 
scenario must be credible (Duinker & Greig, 2006).  
Although the method of scenario analysis originated in other fields, it has been 
successfully applied to environmental studies. Baker et al. (2004) used the inputs from local 
stakeholders to create three alternative future landscape scenarios for the year 2050 when 
studying the Willamette River Basin in western Oregon, and the results indicated that 
scenario analysis can be applied to long-term prediction. Jia et al. (2011) developed a 
hydrodynamic model of river water pollution control by taking the Nansha River in Beijing, 
China, as a case study, and three water pollution control scenarios were proposed by using 
the developed model to identify the management objectives of the point source pollution 
control plan. Zhu & Song (2013) established a one-dimensional river network hydrodynamic 
and water quality numerical model and applied it to the analysis of water environment 
management in the inland river system of Fuzhou, while three different interception scenarios 
were proposed to calculate the water quality results and identify the optimal scenario.  
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2.6 Wetland Risk Assessment  
 
Wetland risk assessment is based on ecological risk assessment framework and 
targets the change of wetland ecological characteristics. The US Environmental Protection 
Agency (EPA) proposed a quantitative and qualitative wetland ecological risk assessment on 
wetland ecosystem pressures (Dam et al., 1999). Pasco (1993) explored the concept of 
wetland risk assessment by using two case studies to demonstrate. The US EPA (1998) then 
developed a similar watershed eco-risk assessment framework, and proposed the guidelines 
for ecological risk assessment, including detailed information on physical and biological 
stress and chemical stress prediction and assessment (Dam et al., 1999).  
Figure 2.2 presents a basic modeling framework of wetland risk assessment (van 
Leeuwen, 1995; Dam et al., 1999). This framework is an integral part of the wetland 
management planning process (Jose, 1999). The purpose of the framework is to outline how 
wetland risk assessment can be used as a "vehicle" in the process of predicting and assessing 
changes in ecological characteristics, with emphasis on the application of early warning 
techniques (Jose, 1999). The framework has been applied to the relevant wetland projects in 
many countries for effective wetland management decision-making (Zhang, 2004).   
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Figure 2.2 The framework of wetland risk assessment (Jose, 1999) 
 
 
2.7 Summary 
 
A variety of methods have been used for eutrophication evaluation, with each having 
its own advantages and disadvantages. Among them, artificial neural network (ANN) can be 
successfully applied to evaluate the risk of eutrophication with the advantage of nonlinear 
mapping and more objective parameter selection. In terms of the risk assessment of heavy 
metals in surface sediments, there are also many evaluation methods available, but most of 
them only consider the total amount of heavy metals and neglect the metal speciation forms 
that determine the toxicity and bioavailability of metals. An improved potential ecological 
risk assessment method is thus desired to make a more reasonable evaluation. In terms of the 
assessment of wetland ecological risk, the traditional risk assessment framework can only be 
Identification of the effects 
(field assessment) 
Identification of the extent 
(e.g., chemical concentrations) 
Risk management 
Monitoring 
Identification of the risk 
Identification of the problem 
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used to assess the changes in wetland ecological characteristics under a specific pollution 
source (e.g., eutrophication or heavy metal pollution) instead of multiple types of pollution 
sources. This thesis research will then use fuzzy set theory to combine the risk resulted from 
different types of pollution (e.g., eutrophication and heavy metal pollution in wetlands) in 
order to obtain a more comprehensive ecological risk assessment result and reduce the 
associated uncertainty and inaccuracy, while scenario analysis will be conducted to 
recommend appropriate wetland management solution (Jia et al., 2011). 
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CHAPTER 3: METHODOLOGY 
 
In this thesis research, the proposed wetland risk assessment framework was 
established by combining the eutrophication evaluation with heavy metal evaluation, and 
fuzzy set approach was then applied to obtain the general risk level of wetland. Figure 3.1 
presents a flow chart of the framework, and each step is briefly described below. 
 
3.1 Step One: Problem Statement 
 
Problem statement is a process of identifying research area background, including the 
identification of the pressure and the receptor. It defines the goals and scope of the study and 
provides the basis for the overall risk assessment (Jose, 1999). It also describes the source of 
data for subsequent evaluation. In this thesis, the eutrophication and heavy metal pollution of 
wetlands were considered as the sources of stress. The sources and properties of 
eutrophication and heavy metal pollution as well as the possible adverse effects of water 
quality changes were analyzed (Jose, 1999). 
 
3.2 Step Two: Water Quality Assessment    
 
This step is a data analysis process. Deteriorating water quality would lead to changes 
in the physical and chemical properties of wetlands (Dam et al., 1999). In this thesis study, 
field survey and monitoring data will be used to analyze the water quality. Using WQI could 
get a general idea of the overall situation of the local waterbody.   
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Problem statement 
(e.g., background of study area, defining 
objectives, data sources) 
Water quality index 
Input: water 
quality indicator 
concentrations 
(e.g. TN, TP, 
turbidity) 
Output: water 
quality level 
Risk assessment model  
Modified potential 
ecological risk 
assessment of 
heavy metal 
Eutrophication 
risk assessment 
(artificial neural 
network) 
Input: water 
quality 
indicator 
concentration 
(e.g., TN, TP, 
COD, Chl-a) 
Input: the 
concentrations 
of heavy 
metals and 
their fractions 
Output: the degree 
of heavy metal 
potential risk (HR) 
Output: the degree 
of eutrophication 
risk (ER) 
Overall risk assessment 
(use fuzzy rules to combine HR and ER) 
Scenario analysis 
Figure 3.1 The framework of wetland risk assessment  
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The National Sanitation Foundation (USA) established a common water quality 
indicator method to calculate the water quality of various waterbodies in terms of selecting 
parameters, formulating universal scale, and distributing weights (Tyagi et al., 2013). The 
National Sanitation Foundation Water Quality Index (NSFWQI) is based on nine water 
quality parameters (temperature, pH, turbidity, fecal coliforms, dissolved oxygen, BOD, total 
phosphate, nitrate, and total solids) (Tyagi et al., 2013). If there are n types of water quality 
parameters, each would be assigned a weight through a decision process. The water quality 
index can then be calculated by the following equations (Chang et al., 2001):                       
Qi = Ci/Cn                                                       (3.1) 
𝑊𝑄𝐼 =
∑ 𝑄𝑖𝑊𝑖
𝑛
𝑖
∑ 𝑊𝑖
𝑛
𝑖
× 100             (3.2) 
 
Where Qi = sub-index for ith water quality parameter; Ci = measured value of the ith water 
quality parameter; Cn = Chinese Surface Water Quality Standard for the ith water quality 
parameter; Wi = weight associated with the ith water quality parameter; n = number of water 
quality parameters. 
The water parameters and their weights in calculating WQI are listed in Table 3.1. 
Table 3.2 presents the water quality categories based on the WQI results. 
Table 3.1 Water quality parameters and their weights (Tania et al., 2013) 
Parameter Revised Weight 
Turbidity 0.18 
DO 0.38 
Total phosphorus 0.22 
Nitrates 0.22 
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Table 3.2 Water quality category for NSF water quality index methods (Li et al., 2010). 
WQI Value Water Quality Category 
0-50 Excellent water quality 
50-100 Good water quality 
100-150 Medium water quality 
150-200 Bad water quality 
>200 Very bad water quality 
 
3.3 Step Three:  Risk Assessment Model 
 
This step is to assess the extent of water eutrophication and heavy metal pollution in 
wetlands. A BP Artificial Neural Network (ANN) eutrophication risk evaluation method was 
used to evaluate the eutrophication level in the wetland. In terms of heavy metal risk level, 
the modified potential ecological risk index was used. These two risk levels would then serve 
as the basis for the subsequent evaluation of the overall risk of wetland. 
 
3.3.1 Eutrophication risk assessment  
 
(1) Artificial neural network 
The key to build a model using neural networks is the adequate training samples. In 
this study, the evaluation standard of eutrophication status as stipulated in the "Control 
Standard for Surface Water Eutrophication" of the Ministry of Water Resources of China was 
used to obtain enough training samples through interpolation (Lin et al., 2009). Table 3.3 
presents the standard values of the five water quality parameters corresponding to 10 trophic 
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status score values (Deng et al., 2006). The trophic state was used as an indicator, and 100 
data samples were uniformly interpolated within each classification interval of trophic state 
score (from 0 to 100), thus leading to a total of 1000 samples to be normalized (Lin et al., 
2009). The normalization was conducted using  
x−Min
Max−Min
 , where “x” is the value of 
parameter, “Max” is the upper bound of this parameter in Table 3.3 and “Min” is the lower 
bound of this parameter. For example, a parameter “TP” with a value of 0.001 means that “x” 
is 0.001, while its “Max” and “Min” value shown in Table 3.3 is 1.3 and 0, respectively. The 
corresponding value of normalization is then  
0.001−0
1.3−0
 . Among the 1000 data samples, 800 
samples were taken as training samples, 100 as test samples and 100 as validation samples.  
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Table 3.3 Control standard for surface water eutrophication (Deng et al., 2006). 
Levels of trophic state Score of 
trophic state 
Chl-a 
(mg/m3) 
TP 
(mg/L) 
TN 
(mg/L) 
CODMN 
(mg/L) 
SD 
(m) 
Oligotrophic 0 0 0 0 0 37 
10 0.5 0.001 0.02 0.15 10 
20 1 0.004 0.05 0.4 5 
Mesotrophic 30 2 0.01 0.1 1 3 
40 4 0.025 0.3 2 1 
50 10 0.05 0.5 4 1 
Light eutrophic 60 26 0.1 1 8 0.5 
Moderate eutrophic 70 64 0.2 2 10 0.4 
Heavy eutrophic 80 160 0.6 6 25 0.3 
90 400 0.9 9 40 0.2 
100 1000 1.3 16 60 0.12 
 
A 3-layer BP neural network was used in this study, including an input layer, a hidden 
layer, and an output layer. As can be seen from Table 3.3, there are five input parameters 
(Chl-a, TP, TN, CODMn, and SD) (“SD” is transparency), and one output variable which is 
the trophic state with a value between 0 and 100. Therefore, the input layer had five nodes, 
and the output layer had one node. The number of nodes of the hidden layer would change 
with the training process (Ren et al., 2004). The neural network was trained using the 800 
training samples, and tested using 100 test samples, while the initial learning rate was set to 
0.01 in the parameter selection. The remaining 100 sets of data were then used to validate the 
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model so that the error between the expected output value and predicted value was low. Once 
the results of the ANN prediction are relatively satisfactory, the model can be applied to 
evaluate the eutrophication of wetland. In order to use the developed ANN model, the values 
of the five water quality parameters obtained in the wetland area were put into the network, 
thus obtaining an output score that can be used for assessing the degree of eutrophication. 
  
(2) Comprehensive nutritional status index method 
In order to evaluate the accuracy of the ANN results, another method using 
comprehensive nutrition index was used. Based on the classification and technical 
requirements for “Lakes and Reservoir Eutrophication Assessment Methods” of the China 
Environmental Monitoring Center, a comprehensive nutritional status index can be used to 
evaluate lake eutrophication. It was reported that this index method provides a more 
comprehensive evaluation range than other nutritional index methods. It comprehensively 
considers a variety of water quality parameters such as TN, TP, SD, Chl-a and CODMn (Li et 
al., 2017). It was calculated using the following equations (Zhang et al., 2006).  
𝑇𝐿𝐼(∑) = ∑ 𝑊𝑗 × 𝑇𝐿𝐼(𝑗)
𝑚
𝑗=1          (3.3) 
Where TLI (∑) is the comprehensive nutritional status index; Wj is a normalized weighted 
value of parameter j; and TLI (j) is the universal index of parameter j (Li et al., 2017). Using 
chl-a as the reference parameter, the weight calculation is as follows: 
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 𝑊𝑗 =
𝑟𝑖𝑗
2
∑ 𝑟𝑖𝑗
2𝑚
𝑗=1
                                                                   (3.4) 
Where rij is the correlation coefficient between parameter j and the reference parameter Chl-a; 
m is the number of evaluation parameters (Li et al., 2017). Table 3.4 shows the values of Wj 
of the five water quality parameters. 
Table 3.4 Correlation between Chl-a and other parameters as well as the weight value 
 (Zhang et al., 2006). 
Parameter Chl-a TP TN CODMn SD 
rij 1 0.84 0.82 0.83 -0.83 
rij2 1 0.7056 0.6724 0.6889 0.6889 
wj 0.266 0.188 0.179 0.183 0.183 
 
The trophic level index (TLI) is calculated by the following equations (Liu et al., 2011): 
TLI (TN) = 10(5.453+1.694 ln TN)             (3.5) 
TLI (TP) = 10(9.436 + 1.624 ln TP)         (3.6) 
TLI (COD MN) = 10(0.109 + 2.661 ln COD MN)           (3.7) 
TLI (Chl-a) = 10(2.5 + 1.086 ln Chl-a)        (3.8) 
TLI (SD) = 10(5.118-1.94ln SD)        (3.9) 
Consequently, the comprehensive nutritional status index can be calculated as:  
TLI() = 0.179TLI(TN) + 0.188TLI(TP) +0.183TLI(CODMn) +0.266 TLI(Chl-a) 
+0.183TLI(SD)       (3.10) 
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After obtaining this comprehensive eutrophication index, the reservoir eutrophication is 
divided into five different trophic levels as listed in Table 3.5. Under the same trophic level, 
the higher the index value, the more serious the eutrophication (Li et al., 2017). 
 
Table 3.5 Trophic levels using comprehensive nutritional status index (Li et al., 2017). 
Trophic levels Comprehensive nutritional status index values 
Oligotrophic TLI (∑) < 30 
Mesotrophic 30 ≤ TLI (∑) ≤50 
Light eutrophic 50 < TLI (∑) ≤ 60 
Moderate eutrophic 60 < TLI (∑) ≤70 
Hyper eutrophic TLI (∑) > 70 
 
 
3.3.2 Modified potential ecological risk index 
 
(1) Risk assessment code (RAC) 
To assess heavy metal risk in sediment, risk assessment code (RAC) represents one of 
the guidelines based on the percentage of heavy metal in the carbonate and exchangeable 
fractions according to the three- step BCR method (Liu et al., 2009). The RAC evaluation is 
based on the facts that the concentrations and exposure time of different metals would affect 
their toxicity, and thus the risk of heavy metals in sediments can be assessed based on the 
information of the percentage of exchangeable and carbonate fractions (Zhu et al., 2011). 
According to the RAC guideline, when the total ratio of the exchangeable and carbonate 
fractions (F1) in metal is less than 1%, there is no risk; when the total ratio is in the range of 
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1-10%, there is a low risk; a medium risk corresponds to the ratio range of 11-30%, and a 
high risk corresponds to a ratio range of 31-50%; when this ratio is more than 50%, the risk is 
very high, which means the heavy metals can easily enter the food chain (Liu et al., 2009; 
Zhu et al., 2011). Table 3.6 shows the RAC classification of risk. 
Table 3.6 Classification of RAC and values of δ (toxic index) (Zhu et al., 2011).                     
Risk level Carbonate and exchangeable fraction (F1) 
in metal (%) 
δ 
No risk <1 1.00 
Low risk 1-10 1.00 
Medium risk 11-30 1.20 
High risk 31-50 1.20 
Very high risk >50 1.40 
 
(2) Potential ecological risk index 
To assess ecological risks for aquatic system, Hakanson (1980) developed a 
methodology to calculate a risk index (RI) based on the synergy among various heavy metal 
elements, toxicity level, pollution concentration, and the sensitivity of the ecological 
environment to heavy metals (Yi et al., 2011). This method has been widely used by 
scientists in many countries. The value of RI can be calculated by the following formulas 
(Zhu et al., 2011): 
 
Cif=CiD/CiR                                                                                                                 (3.11) 
Eir =Tir×Cif                                                                                   (3.12) 
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Where Eir is the potential ecological risk factor; Tir is the toxic-response factor for a given 
heavy metal i; Cif is the contamination coefficient; CiD is the present concentration of heavy 
metal i in sediments; CiR is reference concentration of heavy metal I in sediments. Based on 
Hakason (1980), the toxic-response factor Tir is described as Cd (30)> Cu=Pb (5) > Cr (2) > 
Zn (1), respectively. 
The individual potential ecological risk factors is then used to obtain the heavy metal 
risk index for the study area (Liu et al., 2009): 
RI= Eir                                                       (3.13) 
Table 3.7 presents the evaluation criteria of this method. 
 
Table 3.7 Indices and levels of potential ecological risk (Zhu et al., 2011). 
Eir Level of ecological risk of 
single metal 
RI Level of potential 
ecological risk  
Eir<40 Low risk RI<150 Low risk 
40 ≤ Eir<80 Moderate risk 150≤ RI<300 Moderate risk 
80≤ Eir<160 Considerable risk 300≤ RI>600 Considerable risk 
160≤ Eir<320 High risk RI≥600 Very high risk 
Eir ≥320 Very high risk   
 
(3) Modified potential ecological risk index 
Many previous studies on risk assessment for heavy metals in sediment were relying 
on the total concentrations of heavy metals. However, the risk not only depends on the total 
metal content, but also their chemical speciation (Zhu et al., 2011). The metal speciation 

n
i
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greatly affects the bioavailability which could further affect the risk of the overall aquatic 
ecosystem. Zhu et al. (2011) developed a modified potential ecological risk index using 
different toxicity indices for different proportions of exchangeable and carbonate fractions 
(F1):  
Ω= Aδ +B                                                              (3.14) 
C
~
i
D= CiD Ω                                                                                     (3.15) 
C
~
i
f = C
~
i
D /CiR                                                                         (3.16)         
E
~
i
r =Tir×Cif                                                                                         (3.17) 
MRI= E
~
i
r                                                                           (3.18) 
Where C
~
i
D , C
~
i
f   , E
~
i
r and MRI are the modified Cif , CiD, Eir and RI; Ω is the modified index of 
heavy metal concentration; A is the percentage of exchangeable and carbonate fractions in 
metal (F1); B is equal to 1-A; δ is the toxic index as shown in Table 3.6. The evaluation 
criteria of this method can also be referenced in Table 3.7.      
 
3.4 Step Four: Overall Risk  
 
In this thesis, an overall risk of wetland needs to be determined based on the 
eutrophication risk level and heavy metal risk level. A fuzzy set approach was then used to 
combine the information from both risk levels since the general risk quantification can only 
be based on subjective opinions rather than on probabilistic analysis (Li et al., 2007). The 
general risk was acquired through a questionnaire survey of experts based on the fuzzy rules 

n
i
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which could effectively capture the subjective opinions. Rules usually include conditional 
parts (such as antecedents) and conclusion parts (such as consequences). An antecedent can 
be a simple clause, or a combination of several clauses joined by fuzzy logic operators. For 
example, “if eutrophication risk is “High” and heavy metal potential risk is “High”, then the 
general risk is “Very High”. This is a form of fuzzy rules, where the “eutrophication risk” 
and” heavy metal potential risk” are inputs and the “general risk” is an output (Mohamed and 
Cote, 1999).  In this thesis, two fuzzy operators (“AND” and “OR”) were used to illustrate 
the association. If A and B were used to represent two fuzzy events, and µA and µB represent 
their membership degree respectively, then AND operation would generate a membership 
equal to Min [µA (x), µB(x)], and OR operation would produce a membership of Max [µA(x), 
µB(x)] (Wang et al., 2008). The framework of obtaining the general risk level is shown in 
Figure 3.2. 
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In this study, based on the questionnaire survey of experts, the general risk levels 
were classified into six categories of fuzzy set, including “low’’, ‘‘low-to-medium’’, 
‘‘medium’’, ‘‘medium-to-high”, “high”, and ‘‘very-high’’ (Wang et al., 2008). The fuzzy 
logical operator "AND" was used. Because ER includes five types of eutrophication risk 
level events, and HR includes four potential ecological risk level events, there are a total of 
20 rules (Li et al., 2007). If a rule gets the highest response frequency in the survey, it will be 
saved in the rule base to determine the general risk level. Table 3.8 presents the 20 fuzzy 
rules. 
 
Eutrophication risk (ER) 
 
Heavy metal potential risk (HR) 
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Figure 3.2 The framework of obtaining general risk 
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Table 3.8 Survey results on fuzzy rules 
Antecedent Consequence 
If eutrophication risk 
(ER) is 
If heavy metal risk 
(HR) is 
Then the general risk 
level (GRL) is 
Survey response 
frequency (%) 
Oligotrophic Low Low 100 
Oligotrophic Moderate Low-Medium 73 
Oligotrophic Considerable Medium 45 
Oligotrophic Very High Medium-High 55 
Mesotrophic Low Low 55 
Mesotrophic Moderate Medium 55 
Mesotrophic Considerable Medium-High 55 
Mesotrophic Very High High 73 
Light eutrophic Low Low 64 
Light eutrophic Moderate Medium 64 
Light eutrophic Considerable Medium-High 64 
Light eutrophic Very High High 55 
Moderate eutrophic Low Low-Medium 36 
Moderate eutrophic Moderate Medium 55 
Moderate eutrophic Considerable High 55 
Moderate eutrophic Very High Very High 64 
Heavy eutrophic  Low Medium 55 
Heavy eutrophic Moderate Medium-High 55 
Heavy eutrophic Considerable Very High 55 
Heavy eutrophic Very High Very High 73 
 
33 
 
Figure 3.3 shows the membership functions of the fuzzy general risk levels of “low’’, 
‘‘low-to-medium’’, ‘‘medium’’, ‘‘medium-to-high”, “high” and ‘‘very-high’’ (Li et al. 
(2007). The purpose of using the fuzzy membership functions of these risk level events is to 
calculate a risk score for risk management. This score is obtained by applying an “AND” or 
“OR” fuzzy operator (Wang et al., 2008).  
 
In order to obtain the membership functions of the general risk level events, the 
membership functions of both eutrophication risk level (ER) and heavy metal potential 
ecological risk level (HR) events need to be established. Since ER includes five fuzzy events, 
and HR includes four fuzzy events, their membership functions can be presented in Figure 
3.4 and Figure 3.5 (Li et al., 2007). The membership function of the general risk level is then 
obtained through fuzzy “AND” and “OR” operations. 
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Figure 3.3 Membership functions of fuzzy general risk levels 
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Figure 3.5 Membership functions of fuzzy heavy metal risk level events  
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3.5 Step Five:  Risk Management and Scenario Analysis 
 
Risk management is the ultimate decision-making process, using the information 
obtained from risk assessment and attempting to minimize the risk. The general risk level 
score of the waterbody can provide the basis for wetland risk management decision-making. 
Table 3.9 lists the relationship between the general risk level score and the proposed 
management action (Mohamed and Cote, 1999). In the context of the International 
Convention on Wetlands, risk management must also consider the concept of the potential 
role of sensible use and management of decision-making (Jose et al., 1999). After 
comprehensive analysis of major wetland environmental issues, major pollutants, and 
appropriate pollution control techniques, two scenarios were designed and analyzed in the 
thesis, including conservative and positive action (Jia et al., 2011). 
Table 3.9 Recommended risk management actions 
Risk score Risk management action 
90-100 Take full treatment of the wetland region 
70-90 Take target treatment on the most serious pollution 
50-70 Warning of wetland pollution and take emergency measures 
30-50 Reduce discharge of pollutants around the wetland region 
10-30 The wetland region should strengthen monitoring program 
0-10 No actions are required 
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CHAPTER 4: CASE STUDY 
 
4.1 Overview of Study Area 
 
Wenzhou Sanyang Wetland is within the Wenzhou Ecological Park on the southern 
bank of the Oujiang River estuary. It is in the southeast corner of Wenzhou City in Zhejiang 
Province, China, and is close to Daluo Mountain. It is a river network wetland that evolved 
from the ancient sea-coast and consists of 161 "island" shaped fields with a total area of 
11.81 km2. The water area is 3.31 km2, accounting for 28% of the entire wetland area (Wu et 
al., 2012). As a typical suburban wetland, Sanyang Wetland has a long history of 
development with a land area of approximately 8.5 km2, including residential buildings and 
industrial factories (1.1 km2), citrus-based farms (6.6 km2), and other crops and pastures (0.8 
km2) (Chen, 2008).  
According to various environmental monitoring results and analysis, the regional 
environmental conditions in Sanyang Wetland especially the water environment quality has 
been severely deteriorated. The water quality parameters such as nitrogen, phosphorus, and 
heavy metals were far exceeding their environmental quality standard. The Sanyang Wetland 
is in a subtropical monsoon climate zone with four distinct seasons, which is warm and 
humid year-round. The annual average temperature is 17.9 °C, with the extreme low and high 
temperature of -4.5 °C  and 39.03 °C, respectively. The annual temperature difference is about 
20 °C. Appropriate temperature is conducive to the growth and reproduction of algae which 
would further lead to deteriorating water quality. The main sources of pollution in the 
wetland area include the heavy use of pesticides caused by orange plantation, and the 
significant increase in the number of manufacturing facilities (for example, small leather 
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tanneries and textile mills owned by households), animal farms (e.g. pigs and ducks), and 
residential buildings on wetlands (Li et al., 2017). In the past years, the majority of research 
work in the Sanyang Wetland and its nearby areas focused on water eutrophication (Liu & Jia, 
2007). However, Gao et al. (2014) found that the heavy metal pollution in wetland surface 
sediments cannot be neglected. Heavy metal pollution in surface sediments can also affect the 
quality of overlying water and aggravate the risk of pollution in wetland waters.  
 
4.2 Eutrophication Risk Assessment Results 
 
4.2.1 Environmental data collection 
Chen et al. (2016) conducted an environmental quality study in the Wen-Rui Tang 
River which is located in Sanyang Wetland area. The data collected from two sampling 
locations in their study were used for this thesis research (Figure 4.1). Figure 4.2 shows the 
land use type around these two sampling locations. Water samples were collected monthly 
from May 2008 to December 2012. The monitored parameters include turbidity, transparency 
(SD), chemical oxygen demand (CODMn), total nitrogen (TN), Nitrates, total phosphorus (TP), 
dissolved oxygen (DO), and chlorophyll a (Chl-a). The measurement method followed the 
Surface Water Monitoring Standard of the State Environmental Protection Administration 
(China) (Chen et al., 2016). 
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Figure 4.1 Sampling locations in Sanyang Wetland area (Chen et al., 2016) 
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Figure 4.2 Land use distribution around two sampling locations (A6 and S4) (Chen et al., 2016) 
 
 
4.2.2 Water quality status results 
Table 4.1 lists the average values of water quality parameters obtained at two 
sampling locations during different seasons. It can be found that the four selected water 
quality parameters were generally exceeding the Chinese environmental quality standard 
values, especially the turbidity and dissolved oxygen (DO), which exceeded the standard by 
5-10 times. Such worse water quality situation may be caused by the excessive growth of 
plankton which causes the water to be turbid. The decomposition of organic matter also 
consumes oxygen in the water, resulting in insufficient dissolved oxygen.  
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Table 4.1 Average values of water quality parameters at the sampling locations  
(Chen et al., 2016) 
 
Sampling location Season 
DO 
(mg/L) 
TP 
(mg/L) 
Nitrates 
(mg/L) 
Turbidity
（m）  
A6 Winter 1.33 0.33 13.13 30.23 
 Spring 1.34 0.39 16.65 15.12 
 Summer 1.66 0.32 14.49 19.65 
 Autumn 1.19 0.41 10.83 15.71 
S4 Winter 3.98 0.23 12.36 21.62 
 Spring 5.73 0.21 11.30 10.59 
 Summer 5.03 0.22 12.70 19.20 
 Autumn 3.86 0.18 10.14 25.93 
Surface water 
environmental quality 
standard of China  
 ≥ 5  ≤ 0.2  ≤ 10  ≤ 5  
 
Table 4.2 lists the results of WQI for the two sampling locations by using Eqs.  3.1 
and 3.2. It can be seen that the water quality at location S4 was significantly better than that 
at location A6. The water qualities at A6 in four seasons were rated as “very bad”, while the 
water qualities at S4 were rated as “bad” except for the spring when they were rated as 
“medium” water quality. These results are related to the land use around the two sampling 
locations, indicating that human life, industrial and mining activities had a greater impact on 
the surrounding waters than agricultural activities. Moreover, it was observed that the water 
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quality in spring and summer was generally better than that in autumn and winter. The reason 
may be that the summer and spring are the rainy seasons, and the soil erosion would 
influence water quality. Overall, the water quality assessment of Sanyang Wetland indicated 
that the waterbody was extremely polluted. 
Table 4.2 WQI Assessment results for the two sampling locations 
Sampling 
location 
Season QiWi WQI Water quality 
rating DO TP Nitrates Turbidity 
A6 Winter 142.66 36.49 28.89 108.84 316.88 Very Bad 
 
Spring 142.06 42.36 36.63 54.44 275.49 Very Bad 
 
Summer 114.36 35.46 31.87 70.75 252.44 Very Bad 
 
Autumn 159.91 44.86 23.84 56.57 285.18 Very Bad 
S4 Winter 47.72 25.58 27.20 77.82 178.31 Bad 
 
Spring 33.13 22.66 24.85 38.12 118.76 Medium 
 
Summer 37.80 24.55 27.94 69.12 159.41 Bad 
 
Autumn 49.27 19.93 22.30 93.33 184.84 Bad 
 
4.2.3 Eutrophication risk assessment results 
 
(1) The results of artificial neural network (ANN) model 
Taking the monitoring data of the five parameters from sampling locations A6 and S4 
as the ANN modeling inputs, the artificial neural network (ANN) model was implemented to 
calculate the score of the trophic state, and the results are in Table 4.3.  
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Table 4.3 ANN model calculated score of trophic state for Sanyang Wetland 
Sampling 
location 
Season Normalized concentration of 
parameter 
Score of 
trophic 
state  
Trophic Level 
Chl-a COD TN TP SD 
A6 Winter 11.47 35.23 9.11 0.33 2.11 80.00 Heavy eutrophic 
 
Spring 13.36 35.81 9.89 0.39 3.06 79.76 Moderate eutrophic 
 
Summer 12.83 25.90 8.41 0.32 3.85 76.20 Moderate eutrophic 
 
Autumn 12.91 31.43 8.80 0.41 3.03 78.28 Moderate eutrophic 
 
Annual 12.67 31.91 9.04 0.36 3.05 78.48 Moderate eutrophic 
S4 Winter 20.31 13.89 8.82 0.23 2.66 71.02 Moderate eutrophic 
 
Spring 28.57 15.32 8.41 0.21 3.96 70.00 Moderate eutrophic 
 
Summer 25.84 14.32 6.75 0.22 2.84 70.24 Moderate eutrophic 
 
Autumn 23.57 14.93 7.62 0.18 2.91 70.07 Moderate eutrophic 
 
Annual 27.41 14.61 7.87 0.21 3.08 70.81 Moderate eutrophic 
 
The ANN modeling results indicated that the eutrophication degree around both 
sampling locations (A6 and S4) was rated as “moderate eutrophic”, except for the “heavy 
eutrophic” state in winter around sampling location A6. It can also be found that the 
eutrophication around location A6 was more serious than location S4. The reason may be that 
most of the land around location S4 was used for agricultural purposes. The large amount of 
chemical fertilizers and pesticides used in modern agricultural production would lead to 
continuous leaching of nutrients into the surrounding environment, especially into the 
waterbody. However, the vicinity of sampling location A6 was mostly associated with 
residential land use and industrial land use. The content of nitrogen and phosphorus in 
industrial (such as chemical, printing and dyeing) wastewater was quite high. In addition, the 
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domestic wastewater from residential land uses and the animal husbandry in rural areas 
would lead to excessive nutrients in the water which could cause severe eutrophication of 
waterbodies. Overall, the waterbody in the Sanyang Wetland was in a “moderate 
eutrophication” state, which agrees with the WQI results.  
 
(2) The results of comprehensive nutritional status index 
Five parameters (TN, TP, COD, Chl-a, and SD) were used for calculating the 
comprehensive nutritional index (TLI). Table 4.4 presents the results for the two sampling 
locations. It was found from this method that the Sanyang Wetland around these two 
sampling locations were rated as “moderate eutrophic”, which is generally consistent with the 
ANN modeling results, indicating that the ANN model is feasible for the evaluation of water 
eutrophication. 
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Table 4.4 Assessment results of the comprehensive nutritional status index in Sanyang Wetland 
 
4.3 Heavy Metal Risk Assessment Results 
 
4.3.1 Sampling and analysis 
The data obtained from Li et al. (2017) were used for metal risk assessment in this 
thesis. The study area (3.2 km2) was located on the northwest part of Sanyang Wetland 
(Figure 4.3). 
  Normalized concentrations of parameters   
Sampling 
location 
Season Chl-a 
(mg/m3) 
COD 
(mg/L) 
TN 
(mg/L) 
TP 
(mg/L) 
SD  
(m) 
TLI Level 
A6 Winter 11.47 35.23 9.11 0.33 2.11 68.78 Moderate eutrophic 
 
Spring 13.36 35.81 9.89 0.39 3.06 68.69 Moderate eutrophic 
 
Summer 12.83 25.90 8.41 0.32 3.85 65.15 Moderate eutrophic 
 
Autumn 12.91 31.43 8.80 0.41 3.03 67.81 Moderate eutrophic 
 
Annual 12.67 31.91 9.04 0.36 3.05 67.53 Moderate eutrophic 
S4 Winter 20.31 13.89 8.82 0.23 2.66 63.90 Moderate eutrophic 
 
Spring 28.57 15.32 8.41 0.21 3.96 63.44 Moderate eutrophic 
 
Summer 25.84 14.32 6.75 0.22 2.84 63.58 Moderate eutrophic 
 
Autumn 23.57 14.93 7.62 0.18 2.91 63.16 Moderate eutrophic 
 
Annual 27.41 14.61 7.87 0.21 3.08 63.84 Moderate eutrophic 
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Figure 4.3 Sampling locations and distribution of different land uses (OP, OPRI and RAI) in Sanyang 
wetland (Li et al., 2017) 
 
In the selected study area in Sanyang Wetland, the sampling locations represent the 
influence of three dominant land uses, including orange plantation (OP), mixed orange 
plantation, residential and industrial land (OPRI), as well as the mixed residential and 
industrial land (RAI) (Figure 4.3) (Li et al., 2017). The surface sediment samples were 
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collected in December 2012, September 2013, and May 2014, respectively. The samples 
collected in 2012 were used to estimate total carbon, nitrogen, phosphorus, pH, and bulk 
density. The samples collected in 2013 were used to analyze the metal speciation (chemical 
form), and the samples collected in 2014 were used to determine the total metal contents (Li 
et al., 2017). The determination of the total concentrations of heavy metals (Zn, Pb, Cu, Cr, 
Cd) and their chemical speciation can be found in Li et al. (2017). The heavy metal chemical 
forms were divided into the exchangeable fraction (F1), the bound to oxides fraction (F2), the 
organic bound fraction (F3), and the residual fraction (F4).  
 
4.3.2 Modified ecological risk assessment 
 
(1) Results of total contamination and RAC of heavy metal 
Table 4.5 presents the total concentrations of heavy metals (Zn, Pb, Cu, Cr, Cd) in 
Sanyang wetland corresponding to three land use types.It is obvious that the contents of 
heavy metals in the surrounding sediments of the three land use types in Sanyang wetland 
exceeded the environmental background values. Among them, Zn and Cd are the two metals 
that presented the most exceedance of the background values, with the exceedance reaching 
51.20 and 416.62 times, respectively. It was found that the heavy metals contained in 
sediments near the OP land use had lower concentrations than those near the other two land 
use types, indicating that relatively simple agricultural activities led less pollution to the 
surrounding environments than residential and industrial land use activities. Since the OPRI 
and RAI land use types had a significantly higher impact on all types of heavy metals in 
sediments, wastewater from electroplating and galvanizing facilities may be the main culprit 
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(Li et al., 2017). In summary, the sediments of Sanyang Wetland were contaminated 
seriously by heavy metals. 
 
Table 4.5 Concentrations of heavy metals in the sediments of Sanyang wetland 
(Li et al., 2017) 
Land use type  
Total metal concentration (mg/kg) 
Zn Pb Cu Cr Cd 
OP 3208.63 67.22 117.36 156.67 37.1 
OPRI 5580.48 94.2 173.3 177.66 69.93 
RAI 4794 95.2 247.8 256.36 63.73 
Average value in Sanyang Wetland 1049.88 149.11 348.67 324.5 50.19 
National soil background value 74.2 26 22.6 61 26.9 
Wenzhou soil background value 108.99  38.38 32.7 88.11 0.168 
 
According to Zhu et al. (2011), a composite pollution index (CPI) was used to 
evaluate the level of heavy metal pollution as calculated below: 
Cif = Ci /Cin                                                                                         (4.1) 
CPI= Cif /n                                                                                 (4.2) 
Where Cif is the contamination coefficient; Ci is the concentration of heavy metal i; Cin is the 
background value of metal i; n is the number of heavy metals; CPI is the composite pollution 
index. Wenzhou soil background values are presented in Table 4.5. Sediment is rated as “un-
polluted” for CPI < 1, and “contaminated” for CPI ≥ 1. The degree of heavy metal pollution 

n
i
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increases with the increase in CPI (Zhou et al., 2007). Table 4.6 lists the results of 
contamination coefficient and CPI of Sanyang Wetland under three land use types. 
 
Table 4.6 Contamination coefficient and CPI of heavy metals 
Land use type  
Metal contamination coefficient  
CPI Zn Pb Cu Cr Cd 
OP 29.44 1.75  3.59 1.78 221.03 51.52 
OPRI 51.20 2.45 5.30 2.02 416.6 95.52 
RAI 43.99 2.48 7.58 2.91 379.68 87.33 
 
The contamination coefficients of all the metals exceeded the critical value of “1.0”, 
indicating the existence of heavy metal pollution in Sanyang Wetland. The degree of heavy 
metal pollution in this area was ranked in the order of Cd > Zn > Cu > Pb ≈ Cr. In addition, 
the CPI value was the highest for areas around the OPRI land use type, followed by RAI and 
OP land use types, indicating that heavy metal pollution was the most serious for sediments 
impacted by mixed land uses (e.g., mixed agriculture, residential and industrial land use). 
The toxicity of heavy metals in sediment can be evaluated more accurately from the 
chemical form of the metal as compared with the total concentration of metal. Figure 4.4 
presents the distribution of chemical species (fractions) of the five selected heavy metals (Cu, 
Cr, Cd, Pb, Zn) in surface sediments impacted by different land use types.  
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Figure 4.4 Distribution of chemical species in metal under different land use types, (a) OP land use, (b) 
RAI land use, (c) OPRI land use (Li et al., 2017) 
 
Based on the RAC evaluation standard, it can be seen from Figure 4.4 that the risk of 
Zn and Cd was higher than that of other heavy metals under the three different land use 
conditions. The F1 fraction (i.e. exchangeable fraction) of Zn in sediments impacted by OP, 
OPRI and RAI land uses were 57.64%, 61.97% and 59.12%, respectively, indicating “very 
high risk” level. Furthermore, F1 fraction of Cd in in sediments impacted these three land use 
types were 68.03%, 71.65% and 62.66%, respectively, indicating that Cd could easily enter 
the food chain and pose a “very high risk” to the wetland environment. Table 4.7 presents the 
risk levels of all the five metals in sediments under different land use type conditions. The 
metal Cr posed no risk under the three land use types, while the risks posed by Cu and Pb 
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were also relatively low. Overall, Sanyang Wetland was facing a serious ecological risk of 
heavy metal pollution, especially for Zn and Cd. 
 
Table 4.7 RAC classification of heavy metal in sediments under different land uses  
Land use type  
RAC risk classification 
Zn Pb Cu Cr Cd 
OP Very high Low Low No risk Very high 
OPRI Very high Low No risk No risk Very high 
RAI Very high Low Low No risk Very high 
 
 
(2) Potential ecological risk index assessment 
Table 4.8 presents the modified indexes (Ω) of heavy metal concentration. Such index 
can be seen as the toxicity index of heavy metals, and it is related to the chemical form of 
heavy metals. Compared with other metals, the index of Cd and Zn was higher because of 
their higher proportion of exchangeable fraction (Zhu et al., 2011). 
 
Table 4.8 Modified index (Ω) of heavy metals 
Land use type  
Ω index 
Zn Pb Cu Cr Cd 
OP 1.35 1.00 1.00 1.00 1.41 
OPRI 1.37 1.00 1.00 1.00 1.43 
RAI 1.35 1.00 1.00 1.00 1.38 
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Table 4.9 presents the potential ecological risk factor (Eir) and the modified potential 
ecological risk factor (E
~
i
r) of heavy metals under three land use types in Sanyang Wetland. 
The difference between the conventional and modified potential ecological risk factor is that 
the modified method incorporated the chemical speciation of heavy metals. The results show 
that for both E
~
i
r and Eir, the risks of heavy metals were ranked in order of Cr < Pb < Cu < Zn 
< Cd. The modified potential ecological risk factor of Cd in sediments impacted by OP, 
OPRI, and RAI land uses was 9337.53, 17871.83, and 15672.91, respectively, far exceeding 
the standard, which indicates that Cd posed a very high risk to the wetland ecosystem. The 
risk factor values of Pb, Cu and Cr in sediments under the impacts of three land use types 
were all below 40, indicating their “low risk” level. The risk factor of Zn in sediments 
impacted by OP land use was also relatively low, with E
~
i
r and Eir value of 39.62 and 29.44, 
respectively, indicating its low risk under this land use type impacts. However, in sediments 
impacted by OPRI and RAI land uses, the risk factor value of Zn was in the range of 40 ~80, 
indicating its “moderate risk” level.  
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Table 4.9 Results of E
~
i
r and Eir and risk level 
Land use  Modified and original risk factor  E
~
i
r/ Eir 
 
Zn Pb Cu Cr Cd 
OP 39.62/29.44 8.76/8.76 17.94/17.94 3.56/3.56 9337.53/6630.92 
 
LR/ LR LR/ LR LR/ LR LR/ LR VHR/VHR 
OPRI 70.24/51.20 12.27/12.27 26.50/26.50 4.03/4.03 17871.83/12498.66 
 
MR /MR LR/ LR LR/ LR LR/ LR VHR/VHR 
RAI 59.59/43.99 12.40/12.40 37.89/37.89 5.82/5.82 15672.91/11390.53 
 
MR /MR LR/ LR LR/ LR LR/ LR VHR/VHR 
Note: LR - Low risk; MR - Moderate risk; VHR - Very high risk 
 
 
Figure 4.5 Comparison of total risk (MRI and RI) of heavy metals under different land uses 
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To quantify the overall potential ecological risk of heavy metals in the sediments of 
Sanyang Wetland, the values of RI and MRI were calculated and shown in Figure 4.5.  All of 
MRI and RI values for sediments under the three land use types were higher than 600, 
indicating a very high potential ecological risk posed by heavy metals in Sanyang Wetland. 
In sediments impacted by the OPRI land use, the heavy metal risk index was the highest (i.e. 
17984.9). The order of overall risks (for both MRI and RI) of heavy metals impacted by 
different land uses was OP < RAI < OPRI. This may indicate that a complex source of 
pollution would be one of the possible factors that increase the risk of heavy metal pollution. 
The results also showed that the overall risk calculated by MRI was higher than that by RI. 
For example, the modified risk index (MRI) of heavy metals in sediments impacted by OPRI 
land use was approximately 1.43 times that of RI. Due to the consideration of chemical 
speciation of metals, MRI may provide a more reasonable estimation of heavy metal risks.  
 
4.4 General Risk Levels in Sanyang Wetland 
 
The land use type around sampling location A6 and S4 was corresponding to RAI and 
OP, respectively. The eutrophication risk information was then combined with the heavy 
metal risk information at these two sampling locations to obtain a general risk level of the 
wetland. At sampling location S4, the potential ecological risk value of heavy metals (HR) 
calculated by MRI (modified risk level) was 9407.41, far exceeding the evaluation criteria, so 
the heavy metal risk level would be “Very high”, with a membership grade of 1.0 shown in 
Figures 4.6 (a) according to Figure 3.5. Meanwhile, the eutrophication risk score was 
calculated as 70.81 using the BP Artificial neural network (ANN) model. It could be found 
from Figure 3.4 that the corresponding eutrophication risk (ER) would be partly “Low-
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eutrophication” (with a membership grade of 0.419) and partly “Medium-eutrophication” 
(with a membership grade of 0.581). The membership functions of the fuzzy eutrophication 
risk events can then be shown in Figures. 4.6 (b) and (c). Therefore, there are two 
combinations of antecedents, including (a) if HR (heavy metal risk) is “Very high”, and ER 
(eutrophication risk) is “Low- eutrophication”, and (b) if HR (heavy metal risk) is “Very 
high”, and ER (eutrophication risk) is “Medium- eutrophication”.  
Figure 4.6 demonstrates the related fuzzy reasoning process. According to Table 3.8, 
the result of the fuzzy "AND" operation can be determined first, for example, µGR= Min [µER, 
µHR]. It is means that the minimum degree of membership grade of the two input factors (ER 
and HR) was given to the output factor (GRL) (Li et al., 2007). The fuzzy rule showed that 
“if HR is Very high, and ER is Low-eutrophication, then the general risk is High”. Based on 
Fig.3.3, the “high” level of general risk is “represented by a triangular membership function” 
with a score between 60 and 100 (Li et al., 2007). Besides, the corresponding membership 
grade of this risk level was µGR= Min [1.0, 0.419] = 0.419 as shown in Figure 4.6 (c). In the 
meantime, the second antecedent “if HR is Very high, and ER is Medium-eutrophication” 
would generate a conclusion “then the general risk is Very high”. This “very high” general 
risk level event had a membership grade of µGR = Min [1.0, 0.581] = 0.581 as shown in 
Figure 4.6 (f). The fuzzy “OR” operation was then applied to combine the two fuzzy GRL 
events and as shown in Figure 4.6 (g). The score of the overall GRL was calculated as the 
centroid of 89. Based on this score, the recommended risk management actions would be 
“Take the full treatment of the region” (Table 3.9). 
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Note: fuzzy “AND” operation of (a) and 
(b) to obtain (c); fuzzy “AND” operation 
of (d) and (e) to obtain (f); fuzzy “OR” 
operation of (c) and (f) to obtain (g). 
Figure 4.6 Fuzzy inference process for 
sampling location S4, (a) and (d): heavy 
metal risks; (b) and (e): eutrophication 
risks; (c), (f) and (g): general risk levels. 
ER 
GRL 
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In terms of sampling location A6, the potential ecological risk value of heavy metals 
(HR) calculated by MRI (modified risk level) is 15788.6, also far exceeding the evaluation 
criteria, so the heavy metal risk level would be “Very high” with a membership grade of 1.0 
show in Figures 4.7(a) according to Figure 3.5. Meanwhile, the eutrophication risk score was 
calculated as 78.48 using the BP ANN model. It could thus be found from Figure 3.4 that the 
corresponding eutrophication risk (ER) would be partly “Medium-eutrophication” (with a 
membership grade of 0.652) and partly “High-eutrophication” (with a membership grade of 
0.348), as shown in Figures 4.7 (b) and (c), respectively. Therefore, two combinations of 
antecedents were involved, including (a) if HR (heavy metal risk) is “Very high”, and ER 
(eutrophication risk) is “Medium - eutrophication”, and (b) if HR (heavy metal risk) is “Very 
high”, and ER (eutrophication risk) is “High - eutrophication”. 
The first antecedent of “if HR is Very high, and ER is Medium-eutrophication” would 
produce a conclusion of “then the general risk is Very high”. The corresponding membership 
grade of this risk level was µGRv= Min [1.0, 0.652] =b0.652 as shown in Figure 4.7(f). The 
second antecedent of “if HR is Very high, and ER is High-eutrophication” would lead to a 
conclusion of “then the general risk is Very high”, with a membership grade of µGR = Min 
[1.0, 0.348] = 0.348 as shown in Figure 4.7 (c). The fuzzy “OR” operation was then applied 
to the two obtained fuzzy GRL events. As seen from Figure 4.7 (g), both GRLs are "very 
high risk” with a score ranging from 80-100. The membership grade of the overall GRL was 
then µGR = Max [0.652, 0.348] = 0.652 as shown in Figure 4.7 (g). Based on the patterning of 
Figure 4.7 (g), the score of the overall GRL event was calculated as the centroid of 93.3.  
Based on this risk score, the recommended risk management actions would still be “Take the 
full treatment of the region” (Table 3.9). 
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Figure 4.7 Fuzzy inference process for 
sampling location A6, (a) and (d): heavy 
metal risks; (b) and (e): eutrophication 
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In summary, in sampling S4, the general risk level is partly “very high” and partly 
“high” by considering two types of risk (eutrophication risk and heavy metal risk), and in 
sampling A6, the general risk level is “very high”. The reason of lower overall risk value at 
S4 than A6 may be caused by the type of land use around them, with the pollution caused by 
industrial activities and human daily life having a greater impact on wetlands. Such high 
overall risks would not only affect the wetland ecosystem, but also threaten human health. 
Compared with the conventional method of considering individual risk information, the fuzzy 
risk assessment method would provide more realistic risk perception for decision making. 
 
4.5 Scenario Analysis 
 
The above analysis indicated that the Sanyang Wetland had a serious general risk 
level by comprehensively taking into account the eutrophication risk and heavy metal risk, 
and thus it may need appropriate risk management actions such as “taking the full treatment 
of the region”. Two management scenarios were designed by considering the source of 
pollution as well as the characteristics and current status of pollution control methods. One is 
a more conservative approach and the other is a more active approach. 
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4.5.1 Scenario 1: sediment dredging method 
The sediment dredging method is one of the main measures in water pollution control. 
It can not only permanently remove the pollutants in the sediment, but also reduce the 
influence of pollutants in the sediment on the overlying waterbody. However, it is also easy 
to cause secondary pollution during the implementation of the dredging method, thus causing 
a certain impact on the effect of this management action. Scenario 1 was then designed to 
implement a sediment dredging program to manage the wetland risk.  
According to previous studies, after dredging, the content of heavy metals in 
sediments could generally decrease, and the decrease could be approximately Pb (50%) > Cu 
(45%) > Cd (40%) = Zn (40%) > Cr (30%). Table 4.10 lists the heavy metal risk assessment 
results of scenario 1 based on the modified potential ecological risk assessment method. 
Meanwhile, sediment dredging may also significantly affect the physical and chemical 
parameters and nutrient contents of water. For example, the dissolved oxygen content in 
water could be increased by about 60%, the transparency could be enhanced by 
approximately 30%, the total nitrogen and total phosphorus could be decreased by 20% and 
25%, respectively, and the chemical oxygen demand could drop significantly by about 30% 
(Tong et al., 2015). Based on such approximation and using the ANN eutrophication model, 
the water eutrophication risk assessment results of scenario 1 can be obtained (Table 4.11) 
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Table 4.10 Heavy metal risk assessment results under scenario 1 
Land use 
type 
Concentration (mg/Kg) MRI 
Zn Pb Cu Cr Cd 
OP (S4) 1925.18 33.61 64.55 109.67 22.26 5643.03 
RAI (A6) 2876.4 47.6 136.29 179.45 38.24 9470.61 
 
Table 4.11 Eutrophication risk assessment results under scenario 1 
Land use 
type 
Normalized concentration of parameter Score of trophic 
state calculated 
by ANN model 
Chl-a 
(mg/m3) 
COD 
(mg/L) 
TN 
(mg/L) 
TP 
(mg/L) 
SD  
(m) 
RAI (A6) 9.50 22.34 7.23 0.27 3.96 65.39 
OP (S4) 20.56 10.23 6.30 0.16 4.01 59.43 
 
The general risk level of the wetland after implementing scenario 1 was then 
evaluated according to the above general risk assessment method. At sampling location A6, 
the potential ecological risk value of heavy metals (HR) calculated by MRI (modified risk 
level) was 9470.61. Although it is only 60% of the MRI before implementing scenario 1, it is 
still far exceeding the evaluation criteria, so the risk level would be “Very high”, with a 
membership grade of 1.0 according to Figure 3.5. Meanwhile, the eutrophication risk score 
after implementing scenario 1 was calculated as 65.39 using the ANN model. It could also be 
found from Figure 3.4 that the corresponding eutrophication risk (ER) would be partly 
“Medium-eutrophication” (with a membership grade of 0.039) and partly “Low-
eutrophication” (with a membership grade of 0.961). Therefore, two combinations of 
antecedents were involved, including (a) if HR (heavy metal risk) is “Very high”, and ER 
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(eutrophication risk) is “Medium - Eutrophication”, and (b) if HR (heavy metal risk) is “Very 
high”, and ER (eutrophication risk) is “Low - eutrophication”.  
The first antecedent “if HR is Very high, and ER is Medium-eutrophication” would 
generate a conclusion part of “then the general risk is Very high”, with the corresponding 
membership grade as µGR = Min [1.0, 0.039] = 0.039. The second antecedent “if HR is Very 
high, and ER is Low- eutrophication” would lead to the conclusion part of “then the general 
risk is high”, with a membership grade of µGR = Min [1.0, 0.961] = 0.961. The fuzzy “OR” 
operation was then applied to combine the two fuzzy GRL events and the final overall fuzzy 
general risk level event (“high risk”) is shown in Figure 4.8 (g). The risk score of the final 
overall GRL was calculated as the centroid of 84, and thus further risk management actions 
may need to be taken such as “Taking target treatment on the most serious pollution” (Table 
3.9). 
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H 
Note: fuzzy “AND” operation of (a) and 
(b) to obtain (c); fuzzy “AND” operation 
of (d) and (e) to obtain (f); fuzzy “OR” 
operation of (c) and (f) to obtain (g).  
Figure 4.8 Fuzzy inference process for 
sampling location A6 under scenario 1, 
(a) and (d): heavy metal risks; (b) and 
(e): eutrophication risks; (c), (f) and (g): 
general risk levels. 
H 
(a) (d) 
(b) (e) 
(c) (f) 
(g) 
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In terms of sampling location S4, the potential ecological risk value of heavy metals 
(HR) calculated by MRI (modified risk level) was 5643.03 after implementing scenario 1, 
still far exceeding the evaluation criteria, so the risk level would be “Very high” with a 
membership grade of 1.0 according to Figure 3.5. Meanwhile, the eutrophication risk score 
after implementing scenario 1 was calculated as 59.43 using the ANN model. It could also be 
found from Figure 3.4 that the corresponding eutrophication risk (ER) would be partly 
“Mesotrophic” (with a membership grade of 0.557) and partly “Low-eutrophication” (with a 
membership grade of 0.443). The first antecedent of “if HR is Very high, and ER is Low-
eutrophication” would lead to the conclusion of “then the general risk is high”, with a 
corresponding membership grade of µGR = Min [1.0, 0.443] = 0.443. The second antecedent 
of “if HR is Very high, and ER is Mesotrophic” led to “then the general risk is high”, with a 
membership grade of µGR = Min [1.0, 0.557] = 0.557. The fuzzy “OR” operation was then 
applied to combine these two fuzzy GRL events to obtain a “high risk” GRL event, with a 
membership grade of µGR = Max [0.443, 0.557] = 0.557 as shown in Figure 4.9(c). The risk 
score of the final overall GRL was then calculated as the centroid of 80, indicating that 
further risk management actions would be needed such as “taking target treatment on the 
most serious pollution” (Table 3.9). 
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H H 
Note: fuzzy “AND” operation of (a) and 
(b) to obtain (c); fuzzy “AND” operation 
of (d) and (e) to obtain (f); fuzzy “OR” 
operation of (c) and (f) to obtain (g).  
Figure 4.9 Fuzzy inference process for 
sampling location S4 under scenario 1, 
(a) and (d): heavy metal risks; (b) and 
(e): eutrophication risks; (c), (f) and (g): 
general risk levels. 
(a) 
(b) 
(c) 
(g) 
(e) 
(f) 
(b) 
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In summary, the effect of implementing sediment dredging on location S4 was more 
obvious than sampling location A6. The main difference is the impact on reducing the risk of 
eutrophication, but not on the risk of heavy metals in sediments. Even though the removal 
rate of heavy metals in sediments under scenario 1 was high, the risk of heavy metals 
remained unchanged because the Cd content as the main pollutant was still far exceeding the 
standard. The general risk level at both S4 and A6 locations was decreased, indicating that 
sediment dredging had an obvious effect on managing the risk of wetland, especially on the 
risk of eutrophication. However, through sediment dredging, the overall risk of wetlands was 
still relatively high, and more effective methods could be sought. The sediment dredging also 
requires the subsequent treatment of the heavy metal-rich sediments that can commonly be 
dealt with dehydration and drying, followed by landfill. This method consumes a lot of 
energy and may cause pollution risks of land near the landfill. Therefore, considering the 
removal effect of sediment dredging and the post-processing problems, it is necessary to find 
another way to solve the problem. 
 
4.5.2 Scenario 2: ecological restoration 
The ecological restoration measures mainly include the following: (1) microbial 
remediation; (2) phytoremediation; (3) reaeration. In general, this risk management measure 
is more complicated and has a longer duration, but at the same time, it also has the 
advantages such as not causing secondary pollution. Scenario 2 was then designed in this 
thesis to examine the effects of using ecological restoration measures to reduce wetland risk. 
According to previous studies, after a series of ecological restoration measures, the heavy 
metal content in the sediment could be greatly reduced, especially for Cr and Zn, which can 
be removed by about 90%. However, the removal rate of Cd could be about 40% which is 
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similar as that under scenario 1 (He et al., 2007). Table 4.12 presents the heavy metal risk 
assessment results of scenario 2 based on the modified potential ecological risk assessment 
method. As for the water quality parameters, after ecological restoration measures, the 
removal rate of COD could reach about 80%, and the decrease of ammonia nitrogen and total 
phosphorus could also achieve about 50% and 75%, respectively (Tan et al., 2006). Based on 
such information, the water eutrophication risk results of scenario 2 can be obtained using the 
ANN model (Table 4.13). It can be seen that scenario 2 had a better effect on both heavy 
metal pollution and water eutrophication. 
 
Table 4.12 Heavy metal risk assessment results of scenario 2 
Land use 
type 
Concentration (mg/kg) MRI 
Zn Pb Cu Cr Cd 
OP (S4) 320.86 53.78 29.34 15.67 22.26 5618.33 
RAI (A6) 479.4 76.16 61.95 25.636 38.24 9429.68 
 
Table 4.13 Eutrophication risk assessment results of scenario 2 
Land use 
type 
Normalized concentration of parameter Score of trophic 
state calculated 
by ANN model 
Chl-a 
(mg/m3) 
COD 
(mg/L) 
TN 
(mg/L) 
TP 
(mg/L) 
SD  
(m) 
RAI (A6) 3.17 6.38 4.52 0.09 4.57 50.66 
OP (S4) 6.85 2.92 3.94 0.05 4.62 46.05 
 
The general risk level in the wetland after implementing scenario 2 can then be 
obtained using similar method introduced above. In terms of sampling location A6, the 
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potential ecological risk value of heavy metals (HR) calculated by MRI (modified risk level) 
was 9429.68, also far exceeding the evaluation criteria, so the risk level would be “Very high” 
with a membership grade of 1.0 according to Figure 3.5. Meanwhile, the eutrophication risk 
score after implementing scenario 2 was 50.66 as calculated by the ANN model. It could be 
found from Figure 3.4 that the corresponding eutrophication risk (ER) would be partly 
“Mesotrophic” (with a membership grade of 0.9132) and partly “Oligotrophic” (with a 
membership grade of 0.0868). Therefore, the two combinations of antecedents were involved, 
including (a) if HR (heavy metal risk) is “Very high”, and ER (eutrophication risk) is 
“Mesotrophic”, and (b) if HR (heavy metal risk) is “Very high”, and ER (eutrophication risk) 
is “Oligotrophic”. The first antecedent of “if HR is Very high, and ER is Mesotrophic” led to 
a conclusion part of “then the general risk is high”, with a corresponding membership grade 
of µGR = Min [1.0, 0.9132] = 0.9132. In the meantime, the second antecedent of “if HR is 
Very high, and ER is Oligotrophic” would lead to “then the general risk is Medium-High”, 
with a membership grade of µGR = Min [1.0, 0.0868] = 0.0868. Again, the fuzzy “OR” 
operation was then applied to combine the two fuzzy GRL events as shown in Figure 4.10 (g). 
The risk score of the final overall GRL was then calculated as the centroid of 68, indicating 
that further risk management actions might be needed such as “warning of water pollution 
and take some emergency measures” (Table 3.9). 
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H 
Note: fuzzy “AND” operation of (a) and 
(b) to obtain (c); fuzzy “AND” operation 
of (d) and (e) to obtain (f); fuzzy “OR” 
operation of (c) and (f) to obtain (g).  
Figure 4.10 Fuzzy inference process for 
sampling location A6 under scenario 2, 
(a) and (d): heavy metal risks; (b) and (e): 
eutrophication risks; (c), (f) and (g): 
general risk levels. 
(b) (e) 
(c) 
ER 
(f) 
(g) 
(a) (d) 
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In terms of sampling location S4, the potential ecological risk value of heavy metals 
(HR) calculated by MRI (modified risk level) was 5618.33 after implementing scenario 2, 
still far exceeding the evaluation criteria, so the risk level would be “Very high” with a 
membership grade of 1.0 according to Figure 3.5. Meanwhile, the eutrophication risk score 
was calculated as 46.05 using the ANN model, and the corresponding eutrophication risk (ER) 
would be partly “Mesotrophic” (with a membership grade of 0.831) and partly “Oligotrophic” 
(with a membership grade of 0.169). The first antecedent of “if HR is Very high, and ER is 
Low” would lead to “then the general risk is Medium-high”, with a membership grade of µGR 
= Min [1.0, 0.169] = 0.169. The second antecedent “if HR is Very high, and ER is 
Mesotrophic” led to “then the general risk is high”, with a membership grade of µGR = Min 
[1.0, 0.831] = 0.831. The fuzzy “OR” operation was then applied to combine the two fuzzy 
GRL events as shown in Figure 4.11 (g). The risk score of the final overall GRL was then 
calculated 68, indicating that other risk management actions are needed after implementing 
scenario 2 such as “warning of water pollution and take some emergency measures” (Table 
3.9). 
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ER 
Note: fuzzy “AND” operation of (a) and 
(b) to obtain (c); fuzzy “AND” operation 
of (d) and (e) to obtain (f); fuzzy “OR” 
operation of (c) and (f) to obtain (g).  
Figure 4.11 Fuzzy inference process for 
sampling location S4 under scenario 2, 
(a) and (d): heavy metal risks; (b) and 
(e): eutrophication risks; (c), (f) and (g): 
general risk levels. 
H 
(a) (d) 
(b) (e) 
(c) (f) 
(g) 
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Similar to the implementation of scenario 1, despite the high removal rate of heavy 
metals by ecological restoration, the risk of heavy metals remained high after implementing 
scenario 2 due to the extremely high concentration of heavy metals in Sanyang Wetland 
sediments and the insufficiency to improve the removal rate of Cd. However, the ecological 
restoration measure had more obvious effects on reducing eutrophication risk. It can be seen 
from the above results that the effects of scenario 1 and scenario 2 on the risk reduction of 
heavy metal pollution were generally similar (i.e. reducing risk by about 40%), mainly 
because the Cd content in the Sanyang Wetland region was excessively high. Moreover, the 
removal rates of Cd by the two management scenario measures were similar, leading to 
similar levels of heavy metal pollution risk. However, scenario 2 could reduce the risk of 
water eutrophication much higher than scenario 1. Overall, the implementation of scenario 1 
and scenario 2 could both reduce the general risk of wetland, but the risk could decrease to a 
healthier level when implementing scenario 2. 
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CHAPTER 5: CONCLUSION 
 
With the continuous development of the society and economy as well as the 
continuous advancement of industrialization, the landscape of wetlands faces some major 
environmental problems. Among them, eutrophication of waterbodies and heavy metal 
pollution of surface sediments are the most common and serious problems. How to conduct a 
more comprehensive risk assessment of wetlands and obtain a more reasonable risk 
estimation for risk management decision making have become a hot research topic recently. 
In this thesis research, the existing risk evaluation methods for eutrophication and heavy 
metal pollution were analyzed. The artificial neural network (ANN) and the improved 
potential ecological risk index method were then proposed to evaluate the eutrophication risk 
and heavy metal risk, respectively. The heavy metal risk was proposed to be assessed using 
the metal speciation information instead of just using the total concentration of heavy metals. 
A fuzzy set approach was proposed to combine the information from two types of risk 
(eutrophication and heavy metal risk) to obtain a general risk level which can then be used to 
assess the overall risk of wetlands. A fuzzy rule base was established for facilitating the 
combination of different risk types. Moreover, the proposed general risk assessment 
framework was then demonstrated by taking Sanyang Wetland in China as a case study using 
the water quality and sediment sampling data obtained in the past years. The water 
eutrophication risk and heavy metal risk under different land use types in the study wetland 
were calculated and then used for estimating the general wetland risk level through a fuzzy 
inference process. Two different risk management scenarios were examined for their effects 
on reducing risk levels.  From the obtained results, the following conclusions can be drawn: 
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(1) The artificial neural network (ANN) is effective in obtaining the score of trophic state 
of waterbodies by inputting a series of water quality parameters, and it can be reasonably 
applied to assess the water quality eutrophication risk. 
(2) The Sanyang Wetland was associated with eutrophication risk all year round, 
especially in areas close to residential and industrial activities where the water quality was 
even worse. The risk of eutrophication was mainly due to the frequent anthropogenic 
activities around the waterbody. The large amount of industrial, agricultural and domestic 
sewage discharges led to higher nutrients in water. In addition, Wenzhou's warmer climate is 
more suitable for algae growth.  
(3) The modified potential ecological risk index (MRI) method incorporated the chemical 
speciation and bioavailability of heavy metals into the risk assessment process. It was used to 
analyze the risk of heavy metal pollution in Sanyang Wetland. The results showed that all the 
MRI values of sediments impacted by three land use types were higher than 600, indicating 
that the study area had a very high potential ecological risk. Among the five selected heavy 
metals, Cd posed the highest ecological risk, with the risk ranking order of  Cr < Pb < Cu < 
Zn < Cd. Overall, Sanyang Wetland faced the serious ecological risk of heavy metal pollution, 
and Cd should be regarded as a priority pollutant.  
(4) Different types of land use had a certain impact on the risk of heavy metal pollution in 
Sanyang Wetland. It was observed that residential and industrial activities had a greater 
impact on Zn pollution, but the agricultural activities didn’t cause serious accumulation of Zn.  
(5) A fuzzy set approach was applied to assess the general risk level of wetland by using 
the fuzzy logic method to combine different risk information. Compared with conventional 
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risk assessment methods, the effective reflection of information uncertainties into the general 
risk assessment framework enhanced the robustness of the proposed method. The general risk 
level of Sanyang Wetland obtained from the proposed fuzzy assessment method was rated as 
“very high”, indicating that Sanyang wetland needs immediate risk management measures.  
(6) Between the two proposed risk management scenarios for Sanyang Wetland, scenario 
2 (i.e. ecological restoration measures) would take longer duration and more investment, but 
it could lead to much more significant effects on reducing risk than scenario 1 (i.e. sediment 
dredging measure).  
The proposed fuzzy risk assessment method also had some limitations. The 
membership functions of the relevant fuzzy events and the fuzzy rule base for generating 
general risk levels were established based on questionnaire survey, and they represent the 
cognition of the experts involved. The boundaries and shapes of membership functions are 
also subjective. The uncertainty in the fuzzy membership function and the rule base itself was 
not considered in this thesis research, and their impacts on the risk assessment results need 
further investigation. The future direction of this research could focus on reducing the 
subjectivity of evaluation. 
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